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ABSTRACT

The AMC (automatic modulation scheme classification) plays an important role in identifying the modulation
scheme of the primary user signal in the cognitive radio environment. In this paper, we propose a method of
extracting the spectral correlation function and other statistical features from the received signal and distinguishing
the modulation technique of the signal through the deep learning using the extracted data. In the proposed
method, CNN (Convolutional Neural Network), one of the deep learning algorithms, was used as a method of
recognizing and classifying features extracted from signals and used for classifying analog and digital modulated
signals. Simulation results show that the proposed method shows better performance than other modulation signal

classification methods at low SNR.
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=3 A AE AFe] dHoeR FIAA S Al
Zltk % 3-> CNN9| A3 FeprleE vepich 512
X 5129 =75 7X]%& SCFHlolEl= 37019 A+
A=} 2709 A~ F3] AES B9 F 128 X
128 X 12 o] =& 743ty A d A=S &
F3l7] Aol SCFulelele} 54 dlolelE A &
A7} ] Als 2 HE] SCRH|ole|e} SAldlo]
Bl 3 A ES FZshet|, 2 WixAls 2FEE 1000
7R dlole] A3s FE3laL, F 80007H«1 dlole &
g5 AAvk AR AL T AT AR

g AEEE A o] wtell Aol th3k dlolE

Parameters

Value

Carrier Frequency(Up-convert)
Bandwidth

500MHz
499.5MHz ~ 500.5MHz(1MHz)

Modulation Type

BPSK, BASK, BFSK, QPSK, 16QAM, AM, FM

Symbol Rate [M symbol/s]

1 (fixed value on all modulation type)

Data Rate [M symbol/s]

1 (binary modulation, analog modulation)
2 (QPSK)
4 (16QAM)

AWGN channel [dB] SNR

-6 ~ +6 (random generation)

SNR = -6, -3, 0, +3, +6
Channel State Sample period = 1>x10 °sec
(AWGN, Fading) ; e
g Fading channel(Rayleigh) Maximum doppler shift = 100Hz
Path delays = [0 1e-004 2.1e-004] sec
Average path gain(dB) = [0 0 0]
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E 3. 9o 23] 49 sl g
Table. 3. Part of CNN parameters

Parameters Value
Size of SCF Data [512, 512]
Size of Feature Data 11
The N}lmber. of Total 8,000
Modulation Signal Data
Learning Rate 0.001
3(each layer has

Convolutional Layer 5XHX3,5X5X6,

5 X 5HXx12 filters)

. 2 Max pooling layer
Pool L
ooung Layer (2X2 filters)
S5(each layer has 200,
Fully-connected Layer 150, 100, 50, 30 nodes)
Activation Function ReLu
Classification Function Softmax

T FE31 A A seAleat o] 9l
= dEE 00012 vAs, 7 AlFe] FAs)
3t ReLu(Rectified Linear Unit)S AR&-3}, v}

At AS2] 7 = SoftmaxE AR8-3td 7F ¥

5.2 AlZElolM Az}

Ak Al2=HellA o] AsH71E S8l sUg )
oleel] i3l vl 5 duFE HEEE v
sl AFAE SedaEEd) BEd e
A|§-8- dlo]E|(Test data)oll Wiall Ae=sE viebdl 2
olw], HA cw©lolele] el TEE dHolH
(Training data) : 738 dlo]E](Validation data) : 4]
4 dlolEle] vl$-2 7 : 2 1 12 AMgsc) Algks)

Performance Compared to Other Classifiers

100

90

80

70

20 ——Proposed CNN Classifier(SCF+feature data)
FCN Classifier(feature data)

10 —&— 1D-CNN Classifier(Sampled Data)

—#— GMM Classifier(Sampled Data)

Total Classification Average Accuracy(%)
&
g

B 4 -2 0 2 4 6
SNR(dB)

121 4. SNRY| w2 5 A3e vjw
Fig. 4. Classification Accuracy Compared to SNR value.
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=
=

Mean of Total Classification Average Accuracy(

A|2~8l2- CNNT-£5 AHS-31al, SCFHlo[e¢} 5
Jejo]E] 7 7[AE AMEghe) o]} n|wehs shey oF
2|5 Al2gle- 37110, A WAl s dA Al
+5< 2] Z(FCN : Fully-Connec- ted Networks)=
ARgatar, 21708 B dleojelE ARE-gE Al~Elelr)
B FCN A|2a®]9] 7390l s Alawlo] AHggt 3}
rlE] 5 2= ARE3le] A|jFels A28l vlas)
vk F WA= dA1e] CNNTERE ARSsla, 541
H Alse] AES ARSRE Alzmlela dApd
CNN(1-D CNN)9| g=}rle] k2 Algkshe Al=Ee]
slepelg 3} sdsicl xRt R Sy dwE|Ee
2 GMM(Gaussian Mixture Model)-2- AF8-3}32 d]o]
He FAE Ao AES ARsE Ajzdlelot
GMM  71AIsks  daElse HAE
(unsupervised learning)®] &+ £F0]7, GMM U2
HeE FAE el = EM(Expectation
Maximization) &a72]Zo] ARE-Egich B A]EH o]
AL A o) %1, F 2, F 30 Jehd W55
e BT A Al a9 ERv)e s
B7kabodet.
I™ 48] FH5 a72 AJgE dlofe]of i3] SNR
ZAZe] A FRASEE et
W Zolan, 95 13 7F 5 daE]Eel dE =

R rfr

o

S~
e

lo
&
)
=
=

o B
&
¢

80

70

Proposed-CNN FCN 1D-CNN GMM
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= A A HE I S2YE o438 54 7] Aks Wy 25 9
3= CNN A|~EHl2] A50] FCNES A28t A A~Ew eI}k SNR=-6dB<¢! 7| ¢]

o} Hod 7L & = ek 2= Algksls A xE]
& SNRe| -6dBal 75l fds}7] 90% ]3] 4
5 g vk 27 49] Ao} Paste] 7 Alx
ol sl EFHAE AT 2okek SNRe| =714
2 ZFHAE AR oldl el Hwgks Aliks)
Ark 7 AlmeEE Rk gk 2.19, 2.88,
11.08, 12.4(Proposed CNN, FCN, 1-D CNN, GMM)
9] k& 71x) a1, Aokl A ~dl3} FCN A|~Ele] Az}

£ oHAel e FlF 5 Sk

2 e AR
BRaihs gekee) s w5 veled e

=
=2 bl o) WEHH] F e EAsk Al
=

Z(only noise)= SNR=7|"]

Ho v o
ol= = [e] - E =
Helalalr). SNR-+6dBal A$ol= 54 dlo]e} 2
Q3] s O X0 xX-9° Ho 50
A 061‘1— ?z]l_\:l}\]—/—iElg\‘ 3 AE)‘OE»E—)i:ﬂs /ﬂi"] /K]]jJ
sE = ] o o o o
?—Imo EHO]E:I—E‘ A o—q} /K]-/—K—Eﬂ“: ED]— 1%]"‘:‘ /‘o o =
SNR = -6 dB
100 x
= x x
= 9 x
3 i T X
£ 80
5
g
E 0 % Proposed CNN(SCF + feature data)
E’ 60 FCN Classifier(feature data)
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75 50 *  GMMC Data) o
E 40 o o ¢
& o o
) g *
c * * *
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k:
S
3 10
=
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e
Qm
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100%9] 452
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